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INTRODUCTION
The prediction of how crops grow and develop to their highest potential of productivity has been a long-standing interest to plant geneticists, crop breeders and decision makers of crop management. Crop simulation models that integrate plant ecophysiological processes have been developed as a tool to predict plant growth and developments in heterogeneous environments (Sinclair and Seligman, 1996; Hammer et al., 2010; Li and Sillanp€ a€ a, 2015) . Many of these models attempt to implement fundamental mechanisms of how plants interact with environmental factors, such as temperature, irradiation, precipitation and nutrients, giving rise to increased predictability of crop performance (Parent and Tardieu, 2012; Yin, 2013) . Increasing availability of genetic data has greatly stimulated the need of predicting a plant's phenotype based on its genotype Hoogenboom, 1996, 2003; Yin et al., 2004; Uptmoor et al., 2008; Technow et al., 2015; Hwang et al., 2017) . The integration of crop models and genetic mapping hold a great promise to improve the efficiency of molecular marker-assisted plant breeding.
The past decades have seen the tremendous development of statistical approaches for mapping crop models expressed as a non-linear function of one or more independent variables (Li and Sillanp€ a€ a, 2015) . One approach, called functional mapping, directly embeds the mathematical equations of crop growth processes into a QTL mapping framework, in which each QTL is tested for its role in governing specific growth trajectories Wu and Lin, 2006) . Functional mapping is further equipped to test the effect of heterochrony QTLs (hQTLs) on the timing of developmental events, and also to test how these hQTLs mediate growth trajectories (Sun et al., 2014) . A number of hQTLs have been identified for leaf growth in the common bean (Jiang et al., 2015) , stemwood growth in poplar (Xu et al., 2016) and shoot growth in woody ornamental plants (Sun et al., 2017) . The second modeling approach is to establish process-specific models and incorporate mathematical parameters that define each of these models into a QTL mapping setting (Baker et al., 2015; Zhang et al., 2017) . These genotypedependent parameters are further used to construct growth trajectories of different genotypes, which will allow us to compare and select the most desirable and/or suitable growth patterns. These two approaches represent different strategies of information processing and knowledge ordering. The first approach establishes the genetic dependencies of specific growth and developmental processes in a top-down manner, while the second is a bottom-up approach that reconstructs growth or developmental trajectories from QTL-based mathematical parameters. The top-down approach walks from growth equation to QTL, with a better capacity to chart the global pattern of growth trajectories. The bottom-up approach, directed from QTL to growth equation, is more powerful for characterizing the key developmental features of growth trajectories.
The motivation of this study was to analyze some dynamic aspects of leaf growth and development in the common bean, an annual legume that represents an important source of dietary protein and essential micronutrients for humans (Cichy et al., 2009) . Leaves are the most important photosynthesis factories, which are highly associated with crop productivity (Poorter and Van der Werf, 1998; Milla and Reich, 2007) . We previously used a recombinant inbred line (RIL) population of the common bean to the top-down approach and map major QTLs that control leaf heterochronous growth trajectories, and which also displayed interactions with the environment (Jiang et al., 2015) . We describe here an implementation of the bottomup approach with the same RIL population. Leaf dry mass and leaf area are two important characteristics of leaves, regarded as indicators of resource-use strategies and plant adaptation to changing environments (Weiher et al., 1999; Garnier et al., 2001) . These two traits are involved in tradeoff between rapid biomass production (high leaf area, low leaf mass) and efficient conservation of nutrients (low leaf area, high leaf mass) (Poorter and De Jong, 1999) . By fitting growth equations to leaf area and leaf mass growth data of individual RILs, we developed a bivariate model for mapping growth parameters of these two traits and of the same trait expressed in two different environments. Genotype-dependent growth parameters of the QTL were used to reconstruct leaf growth trajectories during the common bean ontogeny.
RESULTS

How growth parameters vary
Plant growth is the increase of organ size or organ mass over time, a process affected by many environmental factors including temperature. In the field with fluctuating temperatures, growth may better fit with the cumulative temperature than with time (Hara, 1999) . Also, great phenological difference occurs between Palmira and Popayan, making it more reasonable to compare growth equations between these two field trials based on the cumulative temperature than time. Three commonly used growth equations, Gompertz, logistic, and Richards, were used to fit the growth data of leaf area and leaf mass for individual RILs as a function of the daily cumulative temperature at each location, respectively. A trait-, RIL-and location-specific optimal equation was chosen on the basis of selection information criterion AIC ( Figure S1 ). Some RILs may be better fit by the same equation for different traits at different locations, but other RILs may prefer different equations for the same trait at Palmira and Popayan or for different traits at the same location. Although the three equations represent different forms of growth, they are all characterized by the same set of biologically meaningful parameters including three independent growth parameters: k (lag time), R (maximum specific growth rate) and A (asymptotic growth) and one derived parameter t I (inflection point). These parameters are informative in terms of their capacity to predict how a plant grows in response to ecological or physiological stimuli.
We used the optimal growth equation to estimate the four growth parameters described above for each trait on each RIL at each location. By plotting the estimates of each parameter across two locations, we can visualize how growth parameters respond ecologically to environmental stimuli. In general, all growth parameters display considerable genotypic variation among RILs. Also, great genetic variation was observed in the phenotypic plasticity of these growth parameters to changing environment (Figure 1) . A similar trend held for parameter variability between leaf area ( Figure 1a ) and leaf mass (Figure 1b) .
The timing traits, i.e., the lag time (k) of growth and the timing of maximum growth rate (t I ), are correlated between the two locations, but the carrying capacity traits, i.e., growth rate (R) and the asymptote (A), which are related to the final trait value, display a high correlation with environmental differences. In other words, the environment, within the experimental environmental range, did not appear to affect developmental timing in the leaves. In contrast, the rate and extent of growth processes were to a great degree determined by the environment. Plants tended to grow more rapidly and reach a larger size when grown at Palmira than at Popyan. For each growth parameter, numerous transgressive segregants, i.e., those beyond the range of two original parents, Jamapa and Calima, were detected. This observation suggested that both accessions had alleles that added increased the trait (growth parameter) value, and others that decreased the value.
We also investigated the degree of correlation that exists between growth parameters for leaf area and those for leaf mass at each location. Our analysis indicated that trait correlations follow a similar pattern in the two environments, although leaves were larger and heavier at Palmira (Figure 2a) than at Popyan (Figure 2b ). The parameters of the two leaf traits were highly correlated with each other, although such a correlation was larger for both growth rate (R) and the final size (A asymptote) than lag time (k) and the timing of inflection point (t I ). On average, both leaf traits displayed similar lag times, but the leaf area reached the inflection point faster than leaf mass. The leaf area-leaf mass relationship between the two parents changed dramatically with the environment, implying that allelic effects on leaf growth parameters are environmentally sensitive.
How QTLs govern growth parameters
We used two bivariate models to map growth parameter QTLs: the ecological model developed to map jointly the same trait expressed in different environments, and the physiological model aimed to map jointly different traits in each environment. The plots of the likelihood ratio (LR) over the linkage map calculated from hypothesis test (4) are given in Figure S2 for the ecological model and Figure S3 for the physiological model, from which significant QTLs are identified as those with the LR values exceeding the genome-wide critical thresholds determined from permutation tests. Table 1 lists the detection of QTLs for growth parameters by the ecological model. QTL analysis under the ecological model identified three genomic regions harboring significant QTLs for growth parameters of leaf area; these were detected on chromosomes 3, 4 and 7, and are listed in Table 1 . Marker DiM_8 dominating a chromosome 7 region was found to affect both growth (A and R) and developmental transitions (k and t I ), but marker DiM_63 on chromosome 4 and marker DiM_118 on chromosome 3 only affect asymptotic growth.
Our analysis also identified additional QTLs for growth parameters of leaf mass. Interestingly, marker DiM_8 was also associated with all growth parameters of leaf mass, except for the timing of the inflection point. We named the DiM_8-linked QTL pleioQ because of its pleiotropic role in modulating multiple parameters of two leaf traits. PleioQ explains a considerable proportion of the phenotypic variance for growth parameters of each leaf trait, which on average corresponds to 25% at Palmira and 15% at Popayan for leaf area, and 32% at Palmira and 27% at Popayan for leaf mass (Table 1) . These results indicate that pleioQ is a major ecologically pleiotropic QTL, which was capable (a, b) Blue triangle and red inverse triangle denote the original parent Calima and Jamapa, respectively parameters k, R, t I , and A estimated from each RIL using an optimal growth equation for leaf area (a) and leaf mass (b) between two locations Palmira and Popayan. The mean of each parameter among all RILs is. Units: k and t I in°C for both traits; R in cm 2 Á°C À1 for leaf area and gÁ°C À1 for leaf mass; A in cm 2 for leaf area and g for leaf mass.
of exerting a large effect on the same traits at both sites where the plants grew under contrasting temperatures. Other QTLs affecting leaf mass growth include those residing on chromosomes 1, 3, and 6 controlling the asymptote (A), one on chromosome 3 for the lag phase duration (k), and one on chromosome 9 for the timing of for leaf area and gÁ°C À1 for leaf mass; A in cm 2 for leaf area and g for leaf mass. the inflection point (t I ). These QTLs explain a small proportion of the phenotypic variance, averaging 6% at Palmira and 14% at Popayan for leaf area, and 10% at Palmira and at Popayan for leaf mass. The parental origin of the QTLs alleles of the RILs can be inferred from the genotype of the molecular marker loci (see Table 1 ).
The physiological model also detected the major QTL pleioQ. This QTL determines the relationship of leaf area and leaf mass by jointly affecting their growth parameters at each location (Table 2) . It accounts for a considerable proportion of the phenotypic variance for growth parameters averaging 25% for leaf area and 27% for leaf mass at Palmira and 24% for leaf area and 29% for leaf mass at Popayan, showing its major-effect feature. We also detected additional QTLs under the physiological model; these include two that control the final size (A asymptote) and were found on chromosomes 4 and 6, and one controlling the lag phase duration (k) on chromosome 3. These QTLs explain a much smaller proportion of the phenotypic variation averaging 8% for leaf area and 10% for leaf mass at Popayan. None of these QTLs had a significant effect for leaf traits at Palmira (Table 2) .
In summary, we have identified a major QTL, pleioQ, that controls the timing of leaf developmental transitions, as well as the rate and extent of leaf growth in the common bean. The pleiotropic effects of pleioQ on leaf area and leaf mass were detected under the ecological and physiological models highlighting the stability of the expression of this QTL within the environmental range attained at the two experimental sites. PleioQ displayed a pronounced effect on the rate and extent of leaf area and leaf mass accumulation, regardless of where these plants were grown. At this major QTL, the Calima parent contributes favorable alleles to increasing values of growth parameters k, t I , R, and A for the same trait expressed at different locations under the ecological model (Table 1) and for leaf area and leaf mass at the same location (Table 2) . However, for minor QTLs, favorable alleles increasing the growth parameter values may also be contributed by the Jamapa parent. Different contributions by the two parents may explain the existence of transgressive segregants (Figures 1 and 2) .
How QTL-dependent growth parameters remold the crop model
The bottom-up mapping model intends to identify QTLs that control growth parameters of specific organs; these parameters are estimated from individual genotypes by fitting a growth model. The QTL dependencies of the growth parameters are subsequently used to simulate the specific organ growth phenotype (leaf area or mass) using the QTL genotype (CC for Calima, or JJ for Jamapa) and the environment (Palmira or Popayan) as the only inputs for simulation (Figures 3 and 4) . We examine as an example the relative effect of a single QTL. Individuals with the pleioQ CC alleles attain larger leaf area and accumulate more leaf mass after their inflection points at each location than individuals carrying the JJ alleles (Figure 3) . The relatively large size of the CC genotype is attributed to its greater growth rate (0.41-0.60 for leaf area; 0.0012-0.0020 for leaf mass), compared with the JJ genotype (0.29-0.38 for leaf area; 0.0008-0.0013 for leaf mass). Phenotypic plasticity is defined as the ability of a single genotype to produce different phenotypes under different environments, a response that may provide an adaptive advantage under some circumstances. Thus, the pleioQ CC genotype displays greater phenotypic plasticity than genotype JJ in terms of growth trajectory (Figures 3 and 4) . Using the estimated parameters of the selected growth function we calculated the timing of maximum acceleration (t A ) and the timing of maximum deceleration (T D ); these points were obtained from the maximum and minimum points of the second derivative of the growth function. The interval between these points defines that the duration of linear growth (Dt) for each trait at each location. The pleioQ JJ genotype starts its growth acceleration earlier than genotype CC, but the two genotypes start their growth deceleration almost at the same time, leading to the former experiencing a longer linear growth length than the latter. Despite these advantages in developmental timing, genotype JJ still has a smaller leaf than genotype CC, suggesting that growth rate is a major determinant of the final growth.
We also compared the genotypic difference of growth trajectories between leaf area and leaf mass at pleioQ in each environment (Figure 4 ). Leaf area grew at a greater rate than leaf mass at both locations and in both genotypes. At Palmira, leaf area starts its acceleration growth slightly earlier than leaf mass. However, at Popayan, the difference in the timing of deceleration of these two processes was reduced. At Palmira the timing of maximum acceleration for leaf area occurred ahead of the maximum acceleration for leaf mass in both genotypes. A similar pattern was observed for the T D , although the delay took longer for both genotypes. This pattern suggested that the leaf builds accumulation capacity ahead of time. The duration of linear growth in JJ genotypes was 18 h longer than in CC genotypes. In contrast with Palmira, the timing of acceleration for leaf area and leaf mass was almost coincidental in both genotypes, but the T D for leaf area occurred earlier than that for leaf mass in both genotypes. Interestingly, the length of linear leaf area expansion in Popayan was 4 h longer for JJ than for CC genotypes, but linear mass accumulation of the JJ genotype was 20 h longer than that of the CC genotype. In spite of the longer periods of growth of the JJ genotype under either environment, the CC genotype always generated larger leaves indicating that the major effect of the pleioQ locus is exerted through its effect on the growth rate.
DISCUSSION
The work described here highlights the complementarity of the top-down and bottom-up approaches. By integrating growth equations into the statistical model, the top-down Figure 3 . Growth trajectories of leaf area (a) and leaf mass (b) as a function of the daily cumulative temperature at pleioQ's two alternative genotypes CC (Calima) and JJ (Jamapa) at Palmira and Popayan. In each plot, t A , t I , t D , and Dt denote the timing of maximum acceleration (°C), timing of inflection point (°C), timing of maximum deceleration (°C), and the duration of linear growth (t D -t A ) (°C). Thick bars at the y-axis represent the phenotypic plasticity of genotype CC (green) and JJ (red) in the asymptotic growth, respectively. approach estimates and tests curve differences directly from observational data of growth traits, whereas the bottom-up approach requires a two-step estimation process for growth parameters and QTL mapping. Thus, the former would outperform the latter in terms of curve estimation precision. However, the bottom-up approach allows an optimal form of growth equation to be tested and chosen for each individual, making the genetic test of growth parameters on a more biologically meaningful platform. The bottom-up model has successfully identified important QTLs for the growth trajectories of leaf area and leaf mass in the common bean (Phaseolus vulgaris L.) given in two contrasting environments. Some of these QTLs were confirmed by the top-down approach (Jiang et al., 2015) .
We implemented two versions of the bottom-up approach: ecological model and physiological model. The ecological model maps how a QTL affects the phenotypic plasticity of traits, a phenomenon by which the same organism alters its phenotype in response to environmental change (Schlichting, 1986; Gratani, 2014) . Phenotypic plasticity has been regarded to play an important role in mediating genetic diversity and evolution (Sultan, 2000; Price et al., 2003) , but its genetic basis still remains unclear. In our mapping experiment with the common bean, we did not only observe pronounced phenotypic plasticity for growth parameters of leaf traits, but also documented considerable genetic variation in phenotypic plasticity. The ecological model provides an analytical tool to map specific QTLs determining how a phenotypic trait is responsive to the environment. The physiological model maps how QTLs determine the covariation of different traits expressed on the same organism. Organisms respond to environmental change by altering their phenotypes. The magnitude and direction of such phenotypic alterations may vary between different traits, with the extent of trait-trait covariation modulated by a set of genes. The physiological model is the means of mapping QTLs that determine how different traits co-vary in changing environment.
Both ecological and physiological models identified a major QTL that explains a substantial proportion of the phenotypic variance (>0.20 in most cases) for leaf growth in the common bean. The genetic influence of this QTL, named pleioQ, on the leaf growth model is reflected in the following aspects. First, it is ecologically pleiotropic because it affects trait expression in two contrasting environments simultaneously, and it is also physiologically pleiotropic by jointly influencing different traits on the same organism. The ecological pleiotropy of a QTL plays a pivotal role in preserving the important function of organisms during environment-induced microevolution, whereas the physiological pleiotropy of a QTL facilitates the Figure 4 . Growth trajectories of leaf area and leaf mass as a function of the daily cumulative temperature at pleioQ's two alternative genotypes CC (Calima) and JJ (Jamapa) at Palmira (a) and Popayan (b). In each plot, t A , t I , t D , and Dt denote the timing of maximum acceleration (°C), timing of inflection point (°C), timing of maximum deceleration (°C), and the duration of linear growth (t D -t A ) (°C). Thick bars at the y-axis represent the phenotypic plasticity of genotype CC (green) and JJ (red) in the asymptotic growth, respectively. coordinated microevolution of organisms. Second, the integrality of growth is determined by several key developmental transitions (i.e. initiation, acceleration starts, deceleration of growth), rate of development, and the duration of key developmental stages. pleioQ triggers a larger and more pervading effect on the rate of development than developmental timing. Because of this feature, pleioQ is a size QTL that determines how large and how heavy leaves can develop. It exerts a pronounced effect on asymptotic growth of leaf area and leaf mass at each experimental location. However, by affecting developmental timing, pleioQ can also shape the form of leaf growth trajectories.
We also identified several other QTLs that explain a small proportion of the phenotypic variance for leaf growth traits. These QTLs were located on different regions of the common bean genome, whose effects are mostly more trait-or environment-specific (Tables 1 and 2 ). For example, a QTL linked to DiM_118 on chromosome 3 explains 10% of the phenotypic variance for the asymptotic growth of leaf mass at Popayan, but this percentage is as small as 1% at Palmira. A QTL linked to Hg1.1SDfr on chromosome 1 is expressed much more actively at Palmira (R 2 = 0.16) than at Popayan (R 2 = 0.02). These QTLs display clearly genotype-by-environment interactions. There are also physiologically-specific QTLs, such as DiM_63 on chromosome 4 and DiM_85 on chromosome 3. The former has a larger effect on leaf area (R 2 = 0.19) than leaf mass (R 2 = 0.11) at Popayan, whereas the effect of the latter is much larger on leaf mass (R 2 = 0.17) than leaf area (R 2 = 0.04) at the same location. These QTLs together form an important genetic basis for phenotypic plasticity and phenotypic diversity of leaf growth in the common bean. It should be pointed out that the QTLs detected by an ecophysiological model are statistically significant, but their biological relevance needs validation through such approaches as genome-wide association studies and gene transformation. The use of crop simulation models to predict crop growth and yield under a range of climate, soil, and management conditions has a long-standing interest to agronomists and plant biologists. Dynamic crop models are founded on biophysical processes and use mathematical functions to describe growth and developmental processes, which are modulated by environmental inputs. Increasing attention has been drawn to the incorporation of genetic information into the modeling process Hoogenboom, 1996, 2003; Yin et al., 2004; Hwang et al., 2017) . Functional mapping is a statistical model developed to identify and map quantitative trait loci (QTLs) in the context of mathematical equations that represent growth and development processes; this approach provides biological meaning to those parameters Wu and Lin, 2006) . Functional mapping can estimate and test genotypic differences in the overall form of growth and further decompose such overall differences into the mechanistic components of how a QTL impacts the timings, rate and duration of development (Sun et al., 2014; Jiang et al., 2015) . Jones et al. (2001) have recommended the adoption of a modular structure by crops simulation models. Under this structure, we envisage organ or process-specific modules that can incorporated the information from the physiological model with described here. However, rather than estimating site-specific parameters, the ecological model described here could be modified slightly by determining the environmental dependencies of growth function parameters under controlled conditions. These functions then could recalled by the central integrating dynamic crop model to simulate growth under varying environments.
EXPERIMENTAL PROCEDURES Experimental design
The basic information of our study material has been given in Bhakta et al. (2015) and Jiang et al. (2015) . The mapping population consisted of a recombinant inbred family (n = 171; F 11:14 ) generated from a cross between a Mesoamerican (Jamapa) and an Andean (Calima) cultivar of the common bean (Phaseolus vulgaris L.). Using these markers, a moderate-density linkage map was constructed with 513 molecular markers that covered 11 linkage groups, each representing a chromosome .
This population, along with the two parents, was planted at two locations in Colombia with contrasting soil and weather conditions: Palmira (3°29 0 N, 76°81 0 W; 1000 masl; 28°C/19°C) and Popayan (2°25 0 N, 76°62 0 W; 1800 masl; 25°C/13°C). At each location, a randomized complete block row-column design was used with three replicates (six for each parent), each with 35-50 plants per RIL. Starting with the seedlings at a stage around V0 when the primary leaves are unfurled, we harvested one plant from each replicate for each RIL to measure leaf area and leaf mass (dry weight) of the first five leaves. This process was repeated once a week (for 5 weeks) until a stage R1 when the flowers were fully open and functional. We used the first trifoliate leaf data at each time point to take the mean of three replicates for each RIL for QTL mapping.
Data fitting by the growth equation
Plant growth, i.e. increasing size or weight with time, often obeys a basic rule that is determined by biological principle (West et al., 2001) . A typical growth curve spans a three continuously connected phases, a lag phase in which growth emerges from a base value, the exponential phase that spans the rate of growth from its maximum acceleration to its maximum deceleration, and the stationary phase where growth rate continues to decelerate until reaching zero. The three phases of a growth curve can be described by three key parameters, i.e. lag time (k), maximum specific growth rate (R), and asymptotic growth (A). By plotting the data of growth against time, we can visualize the maximum specific growth rate defined as the tangent of the growth curve at its inflection point (i.e. the slope of the exponential phase), the end of the lag time defined as the x-axis intercept of this tangent, and the asymptote defined as the maximal value of growth that can be reached.
Many mathematical equations have been derived to reflect these features of a growth curve. The most commonly used growth equations include three-parameter Gompertz, three-parameter logistic and four-parameter Richards (Niklas, 1994) . Let g(t) denote the growth of a trait at time t. These equations are expressed as: 
where s in the Richards equation is a shape parameter that describes the curvature of a growth curve. The timing of the inflection point (t I ) for each of these three curves is detected by letting the second derivative of the curve with respect to t equal to zero and solving the equation. We obtain:
which, as a derivative parameter from lag time (k), maximum specific growth rate (R), and asymptotic growth (A), can describe an additional heterochronic feature of growth. We first used all three growth equations to fit leaf growth trait data for each RIL at each location by a non-linear least squares approach and then calculated each equation's AIC value as a commonly used information criterion. This procedure allows the choice of an optimal growth equation that best fits a given organ/ plant at a given location on the basis of statistical reasoning. Three biologically meaningful growth parameters, k, R and A, estimated from the optimal equation, as well as the timing of inflection point, t I , calculated from Equation (2), were each used as a 'phenotypic trait' for subsequent QTL mapping. Figure S2 . The plot of likelihood ratio (LR) across the linkage map (composed of 11 linkage groups) for each of four key growth parameters, i.e., lag time (k) (a), maximum specific growth rate (R) (b), asymptotic growth (A) (c), and the timing of inflection point (t I ) (d) for leaf area (red) and leaf mass (green) under a bivariate ecological model. Figure S3 . The plot of likelihood ratio (LR) across the linkage map (composed of 11 linkage groups) for each of four key growth parameters, i.e., lag time (k) (a), maximum specific growth rate (R) (b), asymptotic growth (A) (c), and the timing of inflection point (t I ) (d) at Palmira (red) and Popayan (green) under a bivariate physiological model.
